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Abstract. Malaria and typhoid fever are major infectious diseases that pose significant public health
challenges in many parts of the world, particularly in sub-Saharan Africa. This study develops a math-
ematical model to investigate the dynamics of malaria–typhoid co-infection, incorporating both vector
and non-vector malaria transmission routes and environmental transmission for typhoid. Model param-
eters were drawn from the literature, and simulations were conducted in MATLAB. The results show
that vector-borne transmission accounts for over 80% of malaria infections, while typhoid transmis-
sion sustains a persistent infection level. Co-infected individuals constitute approximately 25–35% of
the total infected population at peak conditions, underscoring the substantial burden of simultane-
ous infection. Sensitivity analysis identifies malaria and typhoid transmission rates as key drivers of
co-infection prevalence. A backward bifurcation in the malaria subsystem indicates that malaria may
persist even when its reproduction number is below one, thereby continually seeding co-infection and
indirectly maintaining typhoid transmission through co-infected individuals. These findings highlight
the need for integrated and sustained control strategies, including vector control, typhoid vaccination,
and improved sanitation, to effectively reduce the dual disease burden. Overall, the model provides a
useful analytical framework to support public health planning and evidence-based resource allocation
in regions where both infections remain endemic.
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1. Introduction

Malaria and typhoid fever continue to pose serious public health challenges across many tropical regions,
particularly in sub-Saharan Africa and parts of South Asia. These diseases are not only highly prevalent but
frequently co-exist in communities affected by poverty, inadequate sanitation, and limited access to quality
healthcare [1–5]. In such environments, the occurrence of malaria–typhoid coinfection is increasingly common,
leading to diagnostic confusion and treatment complications due to overlapping symptoms such as fever, chills,
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abdominal pain, and fatigue [6–10]. Malaria and typhoid fever are two of the most common febrile illnesses in
sub-Saharan Africa, and their co-occurrence poses diagnostic and treatment challenges. Several studies have
documented the prevalence and clinical implications of malaria–typhoid co-infection in Nigeria [11–13].

Malaria, primarily caused by the Plasmodium falciparum parasite, is commonly transmitted through the bites
of infected female Anopheles mosquitoes. However, research has shown that malaria can also spread through non-
vector routes—such as blood transfusions, shared needles and organ transplants. These non-mosquito pathways
are particularly relevant in healthcare settings and densely populated urban environments where vector exposure
may not be the only route of infection [14–18].

On the other hand, typhoid fever is a bacterial infection caused by Salmonella enterica serovar Typhi,
often spread through the ingestion of food or water contaminated with fecal matter. In areas where sanitation
infrastructure is inadequate, typhoid can spread rapidly. Although it is both preventable and treatable, poor
health systems and rising antibiotic resistance continue to sustain the disease burden in many low-resource
communities [19–21].

The implications of malaria–typhoid coinfection are particularly concerning. Studies have found that the
interaction of both pathogens in a single host can worsen disease severity, impair immune responses, and
increase the likelihood of complications such as organ failure or death. From a healthcare system perspective,
coinfections result in prolonged hospitalizations, increased treatment costs, and challenges in disease surveillance
and control [22, 23].

Mathematical modeling has long played a vital role in epidemiology by helping researchers understand disease
dynamics, evaluate intervention strategies, and simulate outbreak scenarios. Several mathematical models have
been developed for malaria and typhoid individually, and more recently, for their coinfection [24, 25]. However,
most of these models focus on traditional vector-borne transmission of malaria and do not incorporate non-
vector routes, potentially underestimating the actual transmission dynamics—especially in modern clinical or
urban settings.

This study introduces a novel deterministic compartmental model for malaria and typhoid fever coinfection
that uniquely integrates both vector and non-vector transmission pathways for malaria. The model also includes
distinct compartments for individuals infected with only one of the diseases or both, allowing for a more accurate
representation of coinfection dynamics. This addition is particularly crucial for reflecting the epidemiological
realities in environments such as healthcare facilities or urban settlements, where multiple transmission pathways
coexist.

The primary objectives of this study are to:

1. Develop a biologically realistic model that incorporates both vector and non-vector malaria transmission
pathways in the presence of typhoid;

2. Derive and interpret the basic reproduction number (R0) for the system;
3. Analyze the stability of both the disease-free and endemic equilibria;
4. Conduct sensitivity analysis to determine which parameters most significantly influence disease spread;
5. Perform numerical simulations to assess the potential effectiveness of various intervention strategies.

By addressing the dual modes of malaria transmission in the context of typhoid fever, this model aims to offer
new insights into coinfection dynamics and support the development of targeted control strategies in affected
regions.

In this study, we present a malaria–typhoid co-infection model that integrates both vector and non-vector
malaria transmission pathways together with environmental typhoid transmission, while also incorporating
seasonal variation in malaria transmission intensity. Unlike previous co-infection models that treat the two
diseases in isolation or without environmental contamination, our formulation explicitly captures the interaction
between infection pathways through co-infected individuals and the bacteria reservoir. This framework allows
us to examine how malaria persistence, particularly under seasonal forcing and backward bifurcation conditions,
influences the maintenance of typhoid infection and co-infection burdens. The analytical results and simulations
therefore provide new insight into how integrated interventions targeting both malaria and typhoid are more
effective than disease-specific control strategies applied independently.
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The novelty of this study lies in the simultaneous incorporation of (i) dual malaria transmission pathways
(vector-mediated and non-vector-mediated), (ii) environmental transmission of typhoid through a dynamic
bacterial reservoir, (iii) explicit co-infection progression mechanisms linking the two diseases, and (iv) seasonal
forcing in the mosquito-to-human transmission rate. These features are not jointly represented in existing
malaria–typhoid co-infection models. By integrating these components in a unified framework, this work provides
new insight into how seasonal malaria persistence and co-infection feedbacks can sustain typhoid circulation
and increase overall disease burden, thereby highlighting the need for coordinated rather than disease-specific
intervention strategies.

2. Methods

This section presents the formulation and analysis of a deterministic compartmental model designed to capture
the transmission dynamics of malaria and typhoid fever co-infection within a human population. The model
integrates both vector-mediated and non-vector-mediated transmission routes, along with the environmental
persistence of typhoid bacteria. Ordinary differential equations (ODEs) are employed to describe the time
evolution of each compartment.

2.1. Malaria and typhoid mathematical model formulation

This study develops a deterministic compartmental model to describe the transmission dynamics and interac-
tions between malaria and typhoid infections in a human population. The model incorporates both vector-borne
and non-vector-borne transmission pathways for malaria, alongside environmental transmission of typhoid
through a bacterial reservoir. It divides the total human population into seven epidemiological compartments,
which include susceptible individuals, individuals infected with malaria only (via both mosquito and non-vector
pathways), individuals infected with typhoid only (via bacterial reservoir ), co-infected individuals, treated
individuals, and those recovered with temporary immunity.
Additionally, the model accounts for the mosquito vector population involved in malaria transmission, consisting
of uninfected and infected classes. It also incorporates a compartment representing the concentration of typhoid-
causing bacteria in the environment, which plays a role in the transmission of typhoid to humans.
Transitions between compartments are governed by a system of nonlinear ordinary differential equations (ODEs),
and the model captures key features such as co-infection dynamics, treatment, recovery, loss of immunity, and
natural and disease-induced mortality. The model is designed to reflect disease patterns in regions where both
malaria and typhoid fever are endemic and co-infections are common.
It should be noted that the malaria vector-to-human transmission rate is seasonal and is represented as
λm1(t) = λm1,0

(
1 + α sin

(
2πt
12

))
, which introduces a periodic (non-autonomous) element into the model. For

analytical tractability in the derivation of equilibrium points and reproduction numbers, the time-averaged value
λm1,0 is used in the autonomous reduction of the system, while numerical simulations utilize the full seasonal
form.
The following presents the model assumptions, flow diagram, system of equations, and descriptions of model
variables and parameters.

2.1.1. Malaria and typhoid coinfection model assumptions

The construction of the malaria-typhoid co-infection model relies on the following key assumptions, consistent
with established models in epidemiological research:

1. Constant Recruitment: It is assumed that the human population, vector population and bacterial reser-
voir are replenished at constant recruitment rates. This is a common assumption to maintain demographic
balance and population stability over time [26, 27].
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Figure 1. Malaria and typhoid coinfection flow diagram.

2. No Vertical Transmission: Both malaria and typhoid are assumed to be transmitted horizontally
only. No mother-to-child or vector transovarial transmission is included in this model. Any references to
vertical transmission in the introduction are meant as general biological background and do not apply to
the present system [28].

3. Homogeneous Mixing: All individuals in the human and vector populations are assumed to mix homo-
geneously, so each susceptible individual has an equal probability of becoming infected upon contact
[26, 29].

4. Co-Infection Pathways: Individuals can become co-infected either through sequential exposure (i.e.,
malaria followed by typhoid or vice versa) or simultaneously through overlapping exposure [28, 30].

5. Temporary Immunity: Individuals who recover from treatment enter a recovered class where they
experience temporary immunity and eventually return to the susceptible class after immunity wanes
[31, 32].

6. Disease-Induced Mortality: Infections may result in disease-induced mortality for malaria only, typhoid
only, and co-infection [29, 33].

7. Typhoid Reservoir Contribution: Typhoid-infected individuals contribute to the bacterial reservoir,
increasing the environmental contamination level and facilitating further infections [30].

8. No Super-Infection: The model excludes the possibility of individuals being infected by the same
pathogen more than once at the same time, allowing only single or dual infection with one malaria strain
and typhoid [28].

9. Malaria Non-vector Transmission: Malaria can be transmitted through vector and non-vector
pathways in the model [14].

10. Seasonal variation: The vector-borne transmission rate is assumed to vary seasonally, reflecting climatic
influences such as rainfall, humidity, and temperature. This is modeled using a sinusoidal function with a
12-month period, consistent with malaria seasonality in endemic regions [34, 35].
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2.1.2. Malaria and typhoid coinfection model flow diagram

In this subsection, we present the flow diagram of the malaria and typhoid coinfection model, which serves as
a visual representation of the key compartments and interactions within the system. The model accounts for
both vector and non-vector transmission pathways for malaria, as well as the role of a bacterial reservoir in the
transmission of typhoid. The flow diagram in Figure 1 illustrates the dynamics between susceptible, infected,
co-infected, treated, and recovered individuals, providing a foundation for the subsequent mathematical
formulation and simulation.
Here;

β1(t) = λm1(t) · Vn, where

λm1(t) = λm1,0

(
1 + α sin

(
2πt

12

))
,

β2 = λm2Tnv, β3 = λtBc,

β4 = β1(t) + β2 + β3 = λm1Vn + λm2Tnv + λtBc,

β5 = λvTnv, ϕ1 = ηt + γm, ϕ2 = ηt + γm,

ϕ3 = ηt + γt, ϕ4 = ηt + γm + γt, ϕv = ηv + γv


. (2.1)

The seasonal variation in the mosquito–human contact rate is modeled as:

λm1(t) = λm1,0

(
1 + α sin

(
2πt

12

))
, (2.2)

where λm1,0 is the mean contact rate, α is the amplitude of seasonal variation (0 < α < 1), and t is time in
months. The corresponding vector-borne transmission rate is given by:

β1(t) = λm1(t) · Vn. (2.3)

Figure 14 illustrates the seasonal forcing in λm1(t).
Although λm1(t) may vary seasonally, all equilibrium and reproduction number analyses assume it is constant.

Time dependence is reintroduced only during the seasonal forcing simulations.

2.1.3. Malaria and typhoid coinfection model equations

This subsection outlines the mathematical formulation of the malaria and typhoid coinfection model. The system
of differential equations is derived to describe the interactions between the compartments introduced in the flow
diagram Figure 1, capturing the dynamics of both diseases. The equations account for the transmission of
malaria via both vector and non-vector pathways, as well as the bacterial transmission dynamics of typhoid.
Key parameters, such as transmission rates, recovery rates, and treatment effects, are incorporated to provide a
comprehensive framework for analyzing the coinfection dynamics. These equations will serve as the foundation
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for model simulations and further analytical studies.

(a)
dTu

dt
= Λ1 + ρTco − (ηt + β1(t) + β2 + β3 + β4)Tu

(b)
dTnv

dt
= β1(t)Tu − (ϕ1 + θ1 + τ1)Tnv

(c)
dTno

dt
= β2Tu − (ϕ2 + θ2 + τ2)Tno

(d)
dTnb

dt
= β3Tu − (ϕ3 + θ3 + τ3)Tnb

(e)
dTnc

dt
= β4Tu + θ1Tnv + θ2Tno + θ3Tnb − (ϕ4 + τ4)Tnc

(f)
dTa

dt
= τ1Tnv + τ2Tno + τ3Tnb + τ4Tnc − (ηt + σ)Ta

(g)
dTco

dt
= σTa − (ηt + ρ)Tco

(h)
dVu

dt
= Λ2 − (ηv + β5)Vu

(i)
dVn

dt
= β5Vu − ϕvVn

(j)
dBc

dt
= Λ3 + cTnb − ηbBc



(2.4)

Tu(0) > 0, Tnv(0) ≥ 0, Tno(0) ≥ 0, Tnb(0) ≥ 0,

Tnc(0) ≥ 0, Ta(0) ≥ 0, Tco(0) ≥ 0,

Vu(0) ≥ 0, Vn(0) ≥ 0, Bc(0) ≥ 0

 . (2.5)

2.1.4. Malaria and typhoid coinfection model variables and parameters description

In this subsection, we in Table 1 provide a detailed description of the variables and parameters used in the
malaria and typhoid coinfection model. Each variable represents a compartment or state within the system,
such as susceptible, infected, or recovered individuals for both malaria and typhoid. The parameters define
the rates of transmission, recovery, and other key processes, including the rate of treatment and shedding of
infectious bacteria into the bacterial reservoirs. Understanding these variables and parameters is crucial for the
interpretation of the model dynamics and the subsequent analysis of the coinfection system.

2.2. Malaria and typhoid coinfection model analysis

This section presents a theoretical analysis of the malaria-typhoid co-infection model. The goal is to ensure that
the model is epidemiologically and mathematically well-posed, identify its equilibria, and examine the stability
of the malaria and typhoid coinfection disease-free equilibrium and also obtain the model Reproduction number
using the next-generation matrix approach.

2.2.1. Positivity and boundedness of solutions

For any epidemiological model such as equation (2.4), it is crucial to demonstrate that the solutions remain
both non-negative and bounded over time, ensuring biological feasibility. This guarantees that the model’s
variables representing population subgroups do not attain negative values or grow without bound, which would
be unrealistic.



MATHEMATICAL MODELING OF MALARIA AND TYPHOID CO-INFECTION: EXPLORING VECTOR 7

Table 1. Malaria and typhoid coinfection model variables description.

Variables Description

Tu Susceptible Uninfected human population
Tnv Humans infected with malaria via vector
Tno Humans infected with malaria via non-vector route
Tnb Humans infected with typhoid only
Tnc Humans co-infected with both malaria and typhoid
Ta Treated individuals
Tco Temporarily immune recovered individuals
Vu Susceptible Uninfected mosquito vectors
Vn Infected mosquito vectors
Bc Typhoid bacterial reservoir in environment

Table 2. Parameters for the malaria–typhoid co-infection model.

Parameter Description Value per week Reference

Demographic and Environmental Parameters
Λ1 Recruitment rate into human population 20 [22]
Λ2 Recruitment rate into vector population 100 [22]
Λ3 Input rate into environmental bacteria reservoir 50 [30]
ηh Natural death rate (humans) 1.0× 10−3 [36]
ηv Natural death rate (mosquitoes) 0.05 [37]
ηb Environmental bacteria decay rate 0.10 [38]

Transmission Parameters
λm1,0 Baseline mosquito-to-human malaria transmission rate Fitted [39]
α Amplitude of seasonal forcing (dimensionless) 0.5 Assumed

λm1(t) Seasonal malaria transmission rate See equation (3) This study
λm2 Non-vector malaria transmission rate 1.2× 10−2 [28]
λt Typhoid transmission rate (human/environment) 3.0× 10−2 [38]
c Bacteria shedding rate (typhoid infectives) 5.0× 10−2 [38]

Progression and Treatment Parameters
θ1 Malaria (vector) → co-infection progression 0.01 [28]
θ2 Malaria (non-vector) → co-infection progression 0.005 [28]
θ3 Typhoid → co-infection progression 0.007 [30]
τ1 Treatment rate for vector malaria 0.10 [40]
τ2 Treatment rate for non-vector malaria 0.08 [40]
τ3 Treatment rate for typhoid 0.09 [30, 41]
τ4 Treatment rate for co-infection 0.07 Assumed

Recovery, Immunity, and Disease-Induced Mortality
σ Recovery rate to temporary immunity 0.10 [40]
ω Loss of immunity rate 0.01 Assumed
γm Malaria-induced mortality (humans) 1.0× 10−3 [36]
γt Typhoid-induced mortality (humans) 5.0× 10−4 [36]
γv Disease-induced mortality (mosquitoes) 0.02 [37]
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Positivity of solutions

Considering the initial conditions in equation (2.4).We consider the domain as
The feasible region is defined as:

Ωc =
{(

Tu, Tnv, Tno, Tnb, Tnc, Ta, Tco, Vu, Vn, Bc

)
∈ R10

+

}
We observe that all the equations in the system equation (2.4) are of the form:

dX

dt
= recruitment term− non-negative loss terms.

As such, they conform to the standard structure where each variable’s rate of change is a balance of inflow
and outflow, and the outflow terms are proportional to the variable itself. Applying the comparison theorem,
we find that each compartment remains non-negative for all t > 0.

For example, consider the susceptible uninfected human class Tu in equation (2.4)(a). The right-hand side is
linear in Tu, and since Λ1 > 0 and all loss terms are non-negative, solutions to this equation remain positive for
all t ≥ 0, provided Tu(0) > 0.

The same argument holds for all other compartments using Gronwall’s inequality and the non-negativity of
parameters and initial conditions.

Boundedness of solutions

To demonstrate boundedness, we consider the total human population:

Ht(t) = Tu + Tnv + Tno + Tnb + Tnc + Ta + Tco

Taking the derivative and summing all human equations:

dHt

dt
= Λ1 − ηtHt

Solving this differential inequality gives:

Ht(t) ≤ Ht(0)e
−ηtt +

Λ1

ηt

(
1− e−ηtt

)
As t → ∞, we get:

lim
t→∞

Ht(t) ≤
Λ1

ηt

Thus, the total human population is bounded by the recruitment rate and the natural death rate.
Similarly, for the vector population:

Hv (t) = Vu + Vn
dHv

dt
= Λ2 − ηv Hv
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Solving we have; Solving the inequality for the total vector population, we get: Solving the inequality for the
total vector population, we get:

Hv(t) ≤ Hv(0) e
−ηvt +

Λ2

ηv

(
1− e−ηvt

)
To demonstrate boundedness, we also consider the total vector population. The total vector population satisfies
the inequality:

Hv(t) ≤ Hv(0) e
−ηvt +

Λ2

ηv

(
1− e−ηvt

)
As t → ∞, we obtain:

lim
t→∞

Hv(t) ≤
Λ2

ηv

lim
t→∞

Hv(t) ≤
Λ2

ηv

Thus, the total vector population is bounded by its recruitment and natural death rates.
As t → ∞, we have:

lim
t→∞

Hv(t) ≤
Λ2

ηv

Thus, the total vector population is bounded by its recruitment and natural death rates.
Similarly, for the bacterial population:

Hb (t) = Bc

dHb

dt
= Λ3 − ηb Hb

Solving we have;

Hb(t) ≤ Hb(0) e
ηbt +

Λ3

ηb
(1 − eηbt)

As t → ∞,

we get:

lim
t→∞

Hb(t) ≤ Λ3

ηb
.

Thus, the total bacterial population is bounded by source and decay. Therefore, all compartments remain
bounded by source and decay for all finite t ≥ 0, and the solutions of the system are ultimately contained in a
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compact, positively invariant region of R10
+ . The model is thus epidemiologically and mathematically well-posed,

with solutions that are both non-negative and uniformly bounded in Ωc for all t ≥ 0, given non-negative initial
conditions. This validates the system as a reliable representation of the co-infection dynamics of malaria and
typhoid.

2.2.2. Malaria and typhoid coinfection model equilibrium points

Here, we determine the equilibrium points of the malaria and typhoid coinfection model formulated. Equilibrium
points represent the states at which the population distribution among the compartments remains constant over
time. These are obtained by setting the right-hand sides of all differential equations in the model equation (2.4)
to zero and solving the resulting system of algebraic equations.
For this model we consider two types of equilibrium points:

1. The Disease-Free Equilibrium (DFE), where there is no malaria and typhoid infection present in the
population (i.e., all infected compartments are zero).

2. The Endemic Equilibrium (EE), where the malaria and typhoid disease persists in the population
with one or more infected compartments maintaining positive values.

The equilibrium analysis provides a basis for understanding the conditions under which the malaria and typhoid
diseases either die out or persist.

Malaria and typhoid coinfection model disease-free equilibrium (Q0)

The malaria and typhoid coinfection model Disease-Free Equilibrium (Q0) corresponds to the state where no
individual in the population is infected with either malaria, typhoid, or both. This implies that all the infection-
related compartments in the model are equal to zero at equilibrium. At this equilibrium state, we assume that
only the susceptible compartments are non-zero, and the system remains in a steady state.
To find Q0, we set the derivatives of all state variables in the model (2.4) to zero and assume the infected
compartments are zero. That is:

Tnv = Tno = Tnb = Tnc = Ta = Tco = Vn = c = 0

We substitute these into the system of equation (2.4) and solve for the remaining variables:
From the susceptible human equation:

0 = Λ1 + ρTco − (ηt + β1(t) + β2 + β3 + β4)Tu

⇒ T 0
u =

Λ1

ηt

From the uninfected vector equation:

0 = Λ2 − (ηv + β5)Vu

⇒ V 0
u =

Λ2

ηv

From the bacterial equation:

0 = Λ3 + cTnb − ηbBc

⇒ B0
c =

Λ3

ηb
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Thus, the model disease-free equilibrium (Q0) is given by:

Q0 = {T 0
u , T

0
nv, T

0
no, T

0
nb, T

0
nc, T

0
a , T

0
co, V

0
u , V

0
n , B

0
c}

=

{
Λ1

ηt
, 0, 0, 0, 0, 0, 0,

Λ2

ηv
, 0,

Λ3

ηb

}
.

This equilibrium point represents a scenario where the entire population is uninfected, and the system is
maintained by the recruitment rates in the human, vector, and environmental bacterial compartments respec-
tively. The stability of this equilibrium will be analyzed in subsequent sections to determine the conditions
under which the diseases can be eradicated.

Malaria and typhoid coinfection model endemic equilibrium (Q1)

At the malaria and typhoid coinfection model endemic equilibrium point (Q1), all the model compartments are
non-zero, including those for infected individuals. This implies that these diseases persist in the population.
This equilibrium point is found by solving the system of equations in steady state simultaneously:
Let:

Q1 = {T ∗
u , T

∗
nv, T

∗
no, T

∗
nb, T

∗
nc, T

∗
a , T

∗
co, V

∗
u , V

∗
n , B

∗
c } .

Equating all the derivatives in equation (2.4) to zero and solving simultaneously we obtained the following;

T ∗
nv =

β1(t)T
∗
u

K2
, T ∗

no =
β2T

∗
u

K3
, T ∗

nb =
β3T

∗
u

K4
,

T ∗
nc =

XT∗
u

K5
, T ∗

a =
Y T∗

u

K6
, T ∗

co =
σY T∗

u

K6K7
,

T ∗
u = Λ1K1K6K7

K1K6K7−ρY , V ∗
u = Λ2

K8
, V ∗

n = β5Λ2

K8K9
,

B∗
c =

K4Λ3+cβ3T
∗
u

K4K10


(2.6)

Where;

K1 = ηt + β1(t) + β2 + β3 + β4,

K2 = ϕ1 + θ1 + τ1, K3 = ϕ2 + θ2 + τ2,

K4 = ϕ3 + θ3 + τ3, K5 = ϕ4 + τ4,

K6 = ηt + σ, K7 = ηt + ρ, K8 = ϕv,

K9 = ηv + β5, K10 = ηb,

X =

(
β4 +

β1(t)θ1
K2

+
β2θ2
K3

+
β3θ3
K4

)
T ∗
u

K5
,

Y =

(
β1(t)τ1
K2

+
β2τ2
K3

+
β3τ3
K4

+
Xτ4
K5

)
T ∗
u

K6



. (2.7)

Therefore, the malaria and typhoid coinfection model (2.4) admits a biologically feasible endemic equilibrium
point, which represents the steady-state situation where malaria and typhoid infections persist in the population.
This result provides a foundation for further analysis, including the computation of the basic reproduction
number and investigation of the stability of the endemic state.
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2.2.3. Calculation of malaria and typhoid coinfection basic reproduction number (Rmt)

In understanding how diseases spread within a population, one of the most important indicators is the Basic
Reproduction Number. Essentially, it tells us how contagious a disease is. specifically, it represents the average
number of people that one infected individual will pass the disease to in a fully susceptible population. For
infectious diseases like malaria and typhoid, which can often occur together as a coinfection, Rmt helps us
predict whether the diseases will spread, how quickly they might do so, and the impact they may have on the
community.
The Next-Generation Matrix Method [27] is a mathematical tool used to calculate Rmt in complex disease
models like this one, where multiple diseases (in this case, malaria and typhoid) interact. In such models,
different compartments represent different states of infection like uninfected individuals, those infected with
malaria or typhoid, and individuals with both diseases. To find Rmt, we focus on the infection terms, which
describe how one disease spreads to others, and the transition terms, which capture how individuals move
between different infection states.
By constructing two matrices; U , which contains the terms that describe how new infections are introduced,
and Z, which captures the rates of individuals transitioning between different infection states we can compute
Rmt. This gives us the dominant eigenvalue of the matrix UZ−1, which provides a single, powerful number that
quantifies the potential for malaria and typhoid to spread within the population.
Here we will use the Next-Generation Matrix Method to calculate Rmt for the model dynamic system (2.4) of
malaria and typhoid coinfection. By breaking down the key steps identifying the infection and transition terms,
constructing the matrices, and calculating Rmt we’ll get a clearer picture of how these diseases interact and the
likelihood of their spread in a population. For the malaria and typhoid coinfection model equation (2.4), the
key compartments involved in the disease dynamics are:

Tnv, Tno, Tnb, Tnc, Ta, Vn, Bc

Given these compartments, we proceed with the construction of matrices as follows;

U =



β1(t)Tu

β2Tu

β3Tu

β4Tu

0
β5Vu

0


, Z =



K2Tvn

K3Tno

K4Tnb

K5Tnc − θ1Tvn − θ2Tn0 − θ3Tnb

K6Ta − τ1Tvn − τ2Tn0 − τ3Tnb − τ4Tnc

K9Vn

K10Bc − cTnb



U =



0 0 0 0 0 d1 0
d2 0 0 0 0 0 0
0 0 0 0 0 0 d3
d4 0 0 0 0 d5 d6
0 0 0 0 0 0 0
d7 0 0 0 0 0 0
0 0 0 0 0 0 0



Z =



K2 0 0 0 0 0 0
0 K3 0 0 0 0 0
0 0 K4 0 0 0 0
−a −b −c K5 0 0 0
−d −e −f −g K6 0 0
0 0 0 0 0 K9 0
0 0 −h 0 0 0 K10


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Where;

a = θ1, b = θ2, c = θ3, d = τ1,

e = τ2, f = τ3, g = τ4, h = c,

d1 = λm1Λ1

ηt
, d2 = λm2Λ1

ηt
, d3 = λtΛ1

ηt
,

d4 = λm2Λ1

ηt
, d5 = λm1Λ1

ηt
, d6 = λtΛ1

ηt
,

d7 = λvΛ2

ηv


. (2.8)

Using MATLAB software, we compute UZ−1 as follows:

Z−1 =



1
K2

0 0 0 0 0 0

0 1
K2

0 0 0 0 0

0 0 1
K2

0 0 0 0
a

K5K2

b
K5K3

c
K5K4

1
K5

0 0 0
K5d+ga
K6K5K2

K5e+gb
K6K5K3

K5f+gc
K6K5K4

g
K5K6

1
K6

0 0

0 0 0 0 0 1
K9

0

0 0 h
K10K4

0 0 0 1
K10



UZ−1 =



0 0 0 0 0 d1

K9
0

d2

K2
0 0 0 0 0 0

0 0 d3h
K10K4

0 0 0 d3

K10
d4

K2
0 d6h

K10K4
0 0 d5

K9

d6

K10

0 0 0 0 0 0 0
d7

K2
0 0 0 0 0 0

0 0 0 0 0 0 0


.

Using MATLAB software, we compute the eigenvalue of UZ−1 as follows;

eig(UZ−1) =



0
0
0
0

d3h
K10K4

+
√

d1d7

K2K9

−
√

d1d7

K2K9


.

The Basic Reproduction Number Rmt is the largest eigenvalue, From the eigenvalues of the next-generation
matrix product UZ−1, we obtain two key quantities:

Rm =
√

d1d7

K2K9
= – which represents the basic reproduction number for malaria infection in the model.

Rt =
d3h

K10K4
– which represents the basic reproduction number for typhoid infection in the model.

Thus,

Rm =

√
λm1λvΛ1Λ2

ηtη2v (ηt + γm + θ1 + τ1)
and Rt =

λtΛ1c

ηb (ηt + γt + θ3 + τ3)
.
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These values correspond to the dominant contributions to disease transmission from the malaria only and
typhoid only transmission cycles within the coinfection framework.
The overall basic reproduction number for the malaria-typhoid coinfection model, denoted by Rmt is therefore
given by: Rmt = max {Rm, Rt} which reflects the dominant contribution from both diseases at any given time.
This expression implies that the potential for an outbreak of either disease is driven by the disease with the
higher reproductive potential. In practical terms, if Rm > Rt, malaria is more likely to sustain transmission in
the population, and if Rt > Rm, typhoid transmission dominates. This threshold condition can inform targeted
control strategies depending on which pathogen poses the greater risk in a specific setting.
Threshold condition
The threshold behavior of Rmt determines the dynamics of the infection in the population:

1. If Rmt < 1, the diseases cannot invade the population; the infection will eventually die out.
2. If Rmt > 1, the diseases can invade and persist in the population; an outbreak or endemic state is likely

to occur.

Therefore, controlling the disease with the higher reproduction number whether malaria or typhoid becomes
essential for reducing Rmt below 1 and effectively curbing the spread of the coinfection.

2.2.4. Local stability of malaria and typhoid coinfection model disease-free equilibrium

Understanding the local stability of the model disease-free equilibrium provides critical insight into whether
malaria and typhoid infections can successfully invade and persist within a population. By analyzing the system
around this equilibrium, we can determine if small introductions of infection will die out or lead to larger
outbreaks. In this subsection, we investigate the local stability of the coinfection model disease free equilibrium
using the Jacobian matrix method [42], which involves linearizing the nonlinear system around the model
disease-free equilibrium and relate the results to the basic reproduction number Rmt, which serves as a threshold
parameter for the diseases invasion.

Theorem 2.1. The Malaria and Typhoid Coinfection Model (2.4) disease-free equilibrium (Q0) is locally
asymptotically stable (LAS) if the basic reproduction number Rmt < 1, and unstable if Rmt > 1.

Proof
We linearize the model system of equations (2.4) at Q0 and obtain the following Jacobian Matrix;

JQ0 =



−K1 −(d2 + d5) 0 0 0 0 ρ 0 −(d1 + d4) −(d3 + d6)
0 −K2 0 0 0 0 0 0 d1 0
0 d2 −K3 0 0 0 0 0 0 0
0 0 0 −K4 0 0 0 0 0 d3
0 a+ d5 b c −K5 0 0 0 d4 d6
0 d e f g −K6 0 0 0 0
0 0 0 0 0 σ −K7 0 0 0
0 −d7 0 0 0 0 0 −K8 0 0
0 d7 0 0 0 0 0 0 −K9 0
0 0 0 h 0 0 0 0 0 −K10


.

The model is Locally Asymptotically Stable (LAS) if all eigenvalues of the Jacobian matrix at the disease-free
equilibrium JQ0

have negative real parts.
Using row matrix operations, we obtained the following eigenvalues of JQ0

which have negative real parts;

λ1 = −K1, λ2 = −K3, λ3 = −K5, λ4 = −K6, λ5 = −K7 and λ6 = −K8.
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And the Jacobian matrix JQ0
reduced to ;

JQ04
=


−K2 0 d1 0
0 −K4 0 d3
d7 0 −K9 0
0 h 0 −K10

 .

To check if the remaining eigenvalues have negative real parts we apply the Routh-Hurwitz criterion [43] which
states that if all the elements in the first column of the Routh array are positive, it implies that all the eigenvalues
of the Jacobian matrix have negative real parts
Using MATLAB software, we obtained the characteristic equation of JQ04

as follows;

A0λ
4 +A1λ

3 +A2λ
2 +A3λ

3 +A4λ
0 (2.9)

Where the coefficients are given by:

A0 = 1 > 0,

A1 = K2 +K4 +K9 +K10 > 0,

A2 = K4K9 +K9K10 +K2K10 +K2K4

+K4K10(1−Rt) +K2K9(1−R2
m) > 0,

A3 = K2K9K10(1−R2
m) +K2K4K9(1−R2

m)

+K4K9K10(1−Rt) +K2K4K10(1−Rt) > 0,

A4 = K2K4K9K10(1− (Rt +R2
m)) + d3hd1d7 > 0

if Rt < 1 and Rm < 1



. (2.10)

Thus, for the model system of equation (2.4) to be LAS, the following conditions must hold:

A0 > 0, A1 > 0, A2 > 0, A3 > 0, A4 > 0.

These conditions are all satisfied when Rmt < 1. This implies that the equilibrium state is stable, and the
diseases (malaria and typhoid) with their coinfection will not persist in the population when Rmt < 1.
Therefore, the condition Rmt < 1 serves as a threshold for the Local Asymptotic Stability (LAS) of the model
system, and it is crucial for public health efforts to ensure that the reproduction number remains below this
threshold to prevent widespread outbreaks of malaria and typhoid in the population.

2.2.5. Malaria and typhoid coinfection model bifurcation analysis

Here, we analyze the possibility of a bifurcation in the model using the approach introduced by Castillo-Chavez
and Song, which is based on center manifold theory. To apply this method, we reformulate the model equation
(2.4) using vector notation.

X = (x1, x2, x3, x4, x5, x6, x7, x8, x9, x10)
T

Where;

Tu = x1, Tnv = x2, Tno = x3,

Tnb = x4, Tnc = x5, Ta = x6,

Tco = x7, Vu = x8, Vn = x9, Bc = x10. (2.11)
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The system is then expressed in the compact form:

dX

dt
= f(X,λ∗

m1, λ
∗
t )

Where λ∗
m1 and λ∗

t are the bifurcation parameters, and the functions fi represent the right-hand sides of the
model equations.
The component form of the system is:

(a)
dx1

dt
= Λ1 + ρx7 − (ηt + β1(t) + β2 + β3 + β4)x1,

(b)
dx2

dt
= β1(t)x1 − (ϕ1 + θ1 + τ1)x2,

(c)
dx3

dt
= β2x1 − (ϕ1 + θ2 + τ2)x3,

(d)
dx4

dt
= β3x1 − (ϕ2 + θ3 + τ3)x4,

(e)
dx5

dt
= β4x1 + θ1x2 + θ2x3 + θ3x4 − (ϕ4 + τ4)x5,

(f)
dx6

dt
= τ1x2 + τ2x3 + τ3x4 + τ4x5 − (ηt + σ)x6,

(g)
dx7

dt
= σx6 − (ηt + ρ)x7,

(h)
dx8

dt
= Λ2 − (ηv + β5)x8,

(i)
dx9

dt
= β5x8 − ϕvx9,

(j)
dx10

dt
= Λ3 + cx4 − ηbx10



(2.12)

The transmission terms are defined as:

β1(t) = λm1(t)x9,

β2 = λm2x2,

β3 = λtx10,

β4 = β1(t) + β2 + β3 = λm1x9 + λm2x2 + λtx10,

β5 = λvx2


(2.13)

With λ∗
m1 and λ∗

t as our bifurcation parameters we solve for λ∗
m1 and λ∗

t at Rmt = 1 which gives;

λ∗
m1 =

ηtηvK2K9

λvΛ1Λ2
,

λ∗
t =

ηtK10K4

Λ1c

 . (2.14)

To investigate the bifurcation, we examine the Jacobian matrix JQ0 of the system at the disease-free equilibrium
Q0, with respect to the bifurcation parameters λ∗

m1.and λ∗
t .

The right eigenvector

V = (v1, v2, v3, v4, v5, v6, v7, v8, v9, v10)
T
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associated with the simple zero eigenvalue satisfies

JQ0
× V = 0

, and its components are given as:

v2 > 0, v9 =
d7v2
K9

> 0, v3 =
d2v2
K3

> 0, v10 =
hd2v2
K3K310

> 0,

v8 = −d7v2
K8

< 0, v4 =
d3hd2v2

K3K4K310
> 0, v7 =

σv6
K7

> 0,

v5 =
(a+ d5)v2 + bv3 + cv4 + d4v9 + d6v10

K5
> 0,

v6 =
τ1v2 + τ2v3 + τ3v4 + τ4v5

K6
> 0,

v1 =
ρv7 + [(d2 + d5)v2 + (d1 + d4)v9 + (d3 + d6)v10]

K6
> 0.



(2.15)

The left eigenvector

W = (w1, w2, w3, w4, w5, w6, w7, w8, w9, w10)
T

associated with the simple zero eigenvalue satisfies

JT
Q0

×W = 0

and its components are given as:

w1 = w8 = w7 = w6 = w5 = w4 = w10 = w3 = 0,

w9 =
d1w2

K9
, w2 > 0.

 (2.16)

To determine the direction of the bifurcation at Rmt = 1 , we compute the bifurcation coefficients a and b.

a =

n∑
k,i,j=1

wkvivj
∂2fk(0, 0)

∂xi∂xj

b =

n∑
k,i,j=1

vkwi
∂2fk(0, 0)

∂xi∂λ∗
m1

or b =

n∑
k,i,j=1

vkwi
∂2fk(0, 0)

∂xi∂λ∗
t

Since w1 = w8 = w7 = w6 = w5 = w4 = w10 = w3 = 0, we do not need the derivatives of
f1, f8, f7, f6, f5, f4 , f10 and f3
Thus, the derivatives of f2 and f9 that are non zero are;

∂2f2
∂x1∂x9

= λ∗
m1 and

∂2f9
∂x8∂x2

= λv
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To determine the bifurcation direction at Rmt = 1 we consider the signs of a and b which are as follows;

a = v2w1w9
∂2f3

∂x1∂x9
+ v9w8w2

∂2f9
∂x8∂x2

a = v2w1w9λ
∗
m1 + v9w8w2λv

a > 0 when v2w1w9λ
∗
m1 > v9w8w2λv

and a < 0 when v9w8w2λv > v2w1w9λ
∗
m1 since v8 < 0 .

For when λ∗
m1 is the bifurcation parameter

∂2f2
∂x1∂λ∗

m1

= x9

b = v2w1
∂2f2

∂x1∂λ∗
m1

b = v2w1x9

b > 0

For when λ∗
t is the bifurcation parameter

b =

n∑
k,i,j=1

vkwi
∂2fk(0, 0)

∂xi∂λ∗
t

b = 0

Sincew4 = w5 = 0.
In bifurcation analysis using center manifold theory, the signs of the bifurcation coefficients a and b determine
the existence and type of bifurcation at the critical threshold Rmt = 1. In our analysis, the model exhibits
the potential for both forward and backward bifurcations depending on the choice of bifurcation parameter
and underlying parameter values. The analysis using bifurcation parameter λ∗

m1 revealed a typical bifurcation
structure, where;

1. (a) The coefficient b > 0, which implies that the bifurcation is forward or supercritical if a < 0.
(b) If a > 0, then the system undergoes a backward (subcritical) bifurcation.

This distinction is epidemiologically significant:

1. A forward bifurcation implies that these diseases can only persist when Rmt > 1, and controlling these
diseases requires bringing Rmt below 1.

2. A backward bifurcation implies the possibility of diseases persistence even when Rmt < 1, making
eradication of these diseases more difficult and requiring more aggressive interventions.

Therefore, the direction of bifurcation depends on the interplay between transmission and transition parameters
as reflected in the expressions for a and b. Since we established b > 0, the sign of a dictates the nature of
the bifurcation when using bifurcation parameter λ∗

m1. Hence, special attention should be paid to parameter
combinations that may lead to backward bifurcation, which complicates these diseases control efforts.
While the case with using bifurcation parameter λ∗

t resulted in b = 0, suggesting either degeneracy or the need
for higher-order investigation. This highlights the intricate interplay between malaria and typhoid dynamics
and emphasizes the importance of carefully identifying dominant transmission routes when designing control
strategies.
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2.2.6. Malaria and typhoid coinfection model sensitivity analysis

Understanding the influence of various model parameters on the reproduction numbers Rm and Rt is crucial in
assessing these diseases transmission dynamics. Sensitivity analysis (SA) is carried out using two approaches:
Local Sensitivity Analysis via partial differentiation method, and Global Sensitivity Analysis using the Partial
Rank Correlation Coefficient (PRCC) method.

Local sensitivity analysis

In the local sensitivity analysis, we compute the partial derivatives of the reproduction numbers Rm and Rt

with respect to each parameter. This provides insight into how small changes in parameter values influence the
basic reproduction numbers.

Reproduction Number for Malaria Rm:

Rm =

√
λm1λvΛ1Λ2

ηtη2v (ηt + γm + θ1 + τ1)

Using the chain rule the partial derivatives are:

∂Rm

∂λm1
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
· 1

λm1

∂Rm

∂λv
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
· 1
λv

∂Rm

∂Λ1
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
· 1
Λ1

,

∂Rm

∂Λ2
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
· 1
Λ2

∂Rm

∂ηt
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
·
(
− 1

ηt
− 1

ηt+γm+θ1+τ1

)

∂Rm

∂ηv
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
·
(
− 2

ηv

)

∂Rm

∂γm
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
·
(
− 1

ηt+γm+θ1+τ1

)
,

∂Rm

∂θ1
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
·
(
− 1

ηt+γm+θ1+τ1

)
,
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∂Rm

∂τ1
=
1

2

√
λm1λvΛ1Λ2

ηtη2v(ηt+γm+θ1+τ1)
·
(
− 1

ηt+γm+θ1+τ1

)

Reproduction Number for Typhoid Rt:

Rt =
λtΛ1c

ηb (ηt + γt + θ3 + τ3)

Using the chain rule the partial derivatives are:

∂Rt

∂λt
=

Λ1c

ηb(ηt+γt+θ3+τ3)
· 1
λt

∂Rt

∂Λ1
=

λtc

ηb(ηt+γt+θ3+τ3)
· 1
Λ1

∂Rt

∂c
=

λtΛ1

ηb(ηt+γt+θ3+τ3)
·1
c

∂Rt

∂ηb
= − λtΛ1c

η2b (ηt+γt+θ3+τ3)

∂Rt

∂ηt
= − λtΛ1c

ηb(ηt+γt+θ3+τ3)
2 ,

∂Rt

∂γt
= − λtΛ1c

ηb(ηt+γt+θ3+τ3)
2 ,

∂Rt

∂θ3
= − λtΛ1c

ηb(ηt+γt+θ3+τ3)
2 ,

∂Rt

∂τ3
= − λtΛ1c

ηb(ηt+γt+θ3+τ3)
2 .

To summarize the influence of individual parameters on the reproduction numbers Rm and Rt, the Table 3
below classifies their sensitivity indices based on the sign of their partial derivatives:

1. A positive (+) sensitivity index indicates that an increase in the parameter increases the reproduction
number.

2. A negative (−) sensitivity index indicates that an increase in the parameter decreases the reproduction
number.

3. A dash (–) indicates that the parameter is not directly involved in the respective reproduction number.

Bar plots of the sensitivity indices are used to visualize the direction of the influence of each parameter on
Rm and Rt. The graphical representation of the Bar plots was conducted using MATLAB and presented as
Figure 11 in results section.

Global sensitivity analysis

Global sensitivity analysis for the coinfection model is conducted using the Partial Rank Correlation Coefficient
(PRCC) method. This approach measures how sensitive the reproduction numbers are to changes in model
parameters over their entire range, accounting for non-linear interactions and dependencies among parameters.
A Latin Hypercube Sampling (LHS) technique is used to generate parameter samples, and the PRCC values
are computed from the resulting simulation outputs of Rm and Rt. Thus, Partial rank correlation coefficient
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Table 3. Model coinfection sensitivity index summary.

Parameter Sensitivity Index for Rm Sensitivity Index for Rt

λm1 Positive (+) –
λv Positive (+) –
Λ1 Positive (+) Positive (+)
Λ2 Positive (+) –
ηt Negative (−) Negative (−)
ηv Negative (−) –
γm Negative (−) –
θ1 Negative (−) –
τ1 Negative (−) –
λt – Positive (+)
c – Positive (+)
ηb – Negative (−)
γt – Negative (−)
θ3 – Negative (−)
τ3 – Negative (−)

(PRCC) analyses were performed separately for the basic reproduction numbers of malaria (Rm) and typhoid
(Rt), using Latin hypercube sampling with 1000 iterations. The parameters included in each model followed
their respective biological definitions.

1. Parameters with positive PRCC values are directly proportional to the reproduction number (i.e., an
increase in the parameter increases Rmt).

2. Parameters with negative PRCC values are inversely proportional to the reproduction number.

Using MATLAB Software two bar plots were generated:

1. One showing the sensitivity of Rm to its parameters.
2. Another showing the sensitivity of Rt to its parameters.

And they are presented as Figures 12 and 13, respectively in the results section.
These bar plots help identify key drivers of infection dynamics and guide targeted interventions for controlling
malaria and typhoid co-infection.

2.3. Data sources and seasonal validation

Weekly malaria case data for Nigeria were obtained from national malaria surveillance reports, covering a
continuous 12-month period. These data represent confirmed clinical cases aggregated from health facilities
nationwide. To assess the seasonal variation in malaria–typhoid co-infection, prevalence values were extracted
from peer-reviewed studies conducted in Nigeria. The model predictions were compared against trends observed
in Nigerian hospital records, consistent with findings reported in earlier retrospective analyses [11–13]. Where
exact numerical values were not provided in tabular form, data points were digitized from published figures
using WebPlotDigitizer1. Each prevalence value was assigned to the corresponding epidemiological week based
on the reported study period and location.

1https://automeris.io/WebPlotDigitizer/

https://automeris.io/WebPlotDigitizer/
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Figure 2. Human infection dynamics. This figure illustrates the progression of infection within
the human population, including malaria-only infections acquired through vector transmission,
non-vector malaria infections, typhoid-only infections, and co-infection with both diseases. The
co-infected class increases over time due to interactions between the two pathogens and over-
lapping exposure risks.

3. Results

This section presents the results of the malaria and typhoid co-infection model. The simulations were performed
using the parameter values outlined in Table 2 and the initial conditions specified for the human, vector, and
bacteria populations. Parameter values were sourced from relevant literature (Tab. 2). All numerical simulations
in this study were performed using MATLAB. The simulation code and data are publicly available on Zenodo
[44].
The model was initialized with the following initial values:

Tu (0) = 100, 000, Tnv (0) = 1000, Tno (0) = 200, Tnb (0) = 500,

Tnc (0) = 200, Ta (0) = 500, Tco (0) = 5000,

Vu (0) = 50000, Vn (0) = 5000 and Bc (0) = 10000.

with the results obtained as follows;
Figures 2–4 collectively summarize the transmission and progression of malaria, typhoid, and co-infection within
the population. The malaria infection acquired via vector transmission dominates the malaria-only burden,
whereas non-vector transmission plays a much smaller role. Typhoid infections increase steadily as exposure
to contaminated environmental sources persists. The co-infected class grows through transitions from both
malaria-only and typhoid-only states, reflecting overlapping risk factors and interactions between the pathogens.

Treatment reduces infection prevalence and leads to temporary immunity, although recovered individuals
eventually re-enter the susceptible class. Vector infection dynamics show sustained malaria transmission poten-
tial, while growth in environmental bacterial concentration highlights the need for sanitation interventions.
Together, these results demonstrate that successful control of co-infection requires a combination of vector
control and improved water and sanitation systems.

This heatmap Figure 5 shows the sensitivity of the co-infected population to variations in the malaria vector-
to-human transmission rate (λm1) and the typhoid transmission rate from the environment (λt). The intensity of
the color increases with higher co-infection levels. The upper-right region of the map (high λm1 and λt) reveals
a strong synergistic effect when both malaria and typhoid are highly transmissible, the burden of co-infection
rises substantially.

This Figure 6 illustrates the combined impact of non-vector malaria transmission (λm2) and typhoid trans-
mission (λt) on the co-infection burden. The effect of increasing λm2 is relatively mild, while increases in λt
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Figure 3. Treatment outcomes and vector infection dynamics. This figure shows the dynamics
of treated individuals, temporarily immune recovered individuals, and infected mosquito vec-
tors. As treatment increases, the recovered class also grows, while infectious vectors expand the
malaria transmission cycle by acquiring parasites from infected humans.

Figure 4. Susceptible populations and environmental bacterial reservoir. This figure shows the
trends of susceptible humans, susceptible mosquito vectors, and the concentration of typhoid-
causing bacteria in the environment. The decline in susceptible humans reflects infection
pressure, while bacterial concentration increases due to shedding from typhoid cases, empha-
sizing environmental transmission.

significantly boost the co-infected population. This suggests that typhoid dynamics are more influential than
non-vector malaria routes in driving co-infection.

This plot (Figure 7) explores how vector-based malaria transmission (λm1) and human-to-vector infection
(λv) interact to influence co-infection. The map shows that increases in both parameters elevate the co-infected
population, pointing to the importance of vector control in managing malaria-driven components of the coin-
fection dynamics. This heatmap (Figure 8) demonstrates the influence of bacterial shedding from infected
individuals (c) and typhoid transmissibility (λt) on the coinfection rate. High values of both parameters lead
to significantly higher Tnc, emphasizing the critical role of hygiene and sanitation in mitigating typhoid and,
consequently, co-infection.

This Figure 9 compares the effect of vector and non-vector malaria transmission on co-infection. A steep
gradient in the λm1 direction and a relatively flat response to λm2indicate that vector transmission dominates
the malaria component of co-infection, making it the key target for malaria-specific interventions.
This final heatmap (Figure 10) evaluates the interaction between human-to-vector malaria transmission (λv) and
typhoid transmissibility (λt). It shows that increases in either parameter raise the co-infected population, and
their combination has a compounding effect. This underscores the necessity of integrated strategies targeting
both vector control and typhoid prevention.
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Figure 5. Heatmap of final coinfection Level (Tnc) by varying the effect of vector-to-human
malaria transmission vs typhoid transmission.

Figure 6. Heatmap of final coinfection level (Tnc) by varying the effect of non-vector human
malaria transmission vs typhoid transmission.

This figure presents the local sensitivity indices of the basic reproduction numbers for malaria Rm and typhoid
(Rt) with respect to different model parameters. Local sensitivity analysis examines how small changes in
parameter values affect the outputs (here, Rm and Rt) around a fixed point, typically the baseline values.

1. Parameters with higher absolute sensitivity indices have a greater influence on the reproduction numbers.
2. A positive bar indicates that an increase in the parameter increases Rm or Rt.
3. A negative bar implies that increasing the parameter would decrease the corresponding reproduction

number.
4. For instance, parameters like vector-to-human malaria transmission and typhoid transmission from the

environment are likely to have strong positive sensitivities, meaning they significantly drive the diseases
dynamics when increased.
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Figure 7. Heatmap of final Coinfection Level (Tnc) by varying the effect of vector-to-human
malaria transmission vs human-to-vector malaria transmission.

Figure 8. Heatmap of final coinfection level (Tnc) by varying the effect of bacteria shedding
vs typhoid transmission.

This analysis helps prioritize which parameters most influence the disease spread locally and informs control
strategies focused on those parameters.
This figure shows the Partial Rank Correlation Coefficients (PRCCs) for the parameters related to the malaria
reproduction number Rm. PRCC is a form of global sensitivity analysis that measures how variations across the
full range of parameter values affect the model output, accounting for nonlinearities and interactions between
parameters.

1. PRCC values close to +1 or –1 signify strong positive or negative correlations between a parameter and
Rm.

2. Parameters with high PRCC values are globally influential and should be targeted in public health
interventions.
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Figure 9. Heatmap of final coinfection level (Tnc) by varying the effect of vector-to-human
malaria transmission vs non-vector human malaria transmission.

Figure 10. Heatmap of final coinfection level (Tnc) by varying the effect of human-to-vector
malaria transmission vs typhoid transmission.

Figure 11. Local sensitivity bar plot.
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Figure 12. Global sensitivity (PCCR bar) for parameters affecting (Rm).

Figure 13. Global sensitivity (PCCR bar) for parameters affecting (Rt).

3. This approach is more robust than local sensitivity as it considers a wide range of realistic scenarios rather
than just small perturbations around baseline values.

This bar plot provides the global sensitivity indices (PRCCs) for parameters influencing the typhoid reproduction
number Rt.

1. Parameters like typhoid transmission rate and bacterial shedding rate likely rank high.
2. Similar, the sign and magnitude of each bar indicate how strongly and in which direction each parameter

impacts Rt.
3. This analysis is crucial for identifying key environmental or behavioral factors that influence typhoid

spread. Comparison with surveillance data (Figure 15) demonstrates that the model accurately repro-
duces the seasonal dynamics of malaria, capturing both the wet-season peak and dry-season decline. This
alignment supports the conclusion that seasonal malaria transmission is a primary driver of co-infection
prevalence.
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Figure 14. Seasonal forcing in the vector-to-human transmission rate. The blue curve repre-
sents the periodic mosquito–human contact rate λm1(t) modeled with a 12-month sinusoidal
cycle. The red curve shows the resulting effective transmission rate β1(t) = λm1(t) · Vn, where
Vn is the number of infectious mosquitoes. Seasonal peaks align with climatic patterns favoring
vector abundance and activity, while troughs correspond to less favorable transmission condi-
tions.

Seasonal forcing in vector-borne transmission with validation
The inclusion of seasonal variation in the mosquito–human contact rate λm1(t) produced a periodic fluc-

tuation in the effective transmission parameter β1(t) = λm1(t) · Vn. As shown in Figure 14, the sinusoidal
forcing captures the expected annual cycle, with peaks during wet-season months and troughs during the
dry season. This seasonal modulation directly impacts the predicted malaria incidence and, by extension, the
malaria–typhoid co-infection trend.

The model reproduced the expected seasonal oscillation in malaria incidence, peaking during the wet season
(weeks 10–20) and declining in the dry season (weeks 35–45). Observed malaria case counts showed considerable
week-to-week variability but followed a broadly similar seasonal pattern. The model-predicted curve captured
the timing of the peak and the trough, although some discrepancies in amplitude were observed, particularly
during weeks of unusually high case counts [45].

4. Discussion

This study provides insights into the epidemiological interplay between malaria and typhoid fever using a
co-infection modeling framework that incorporates vector and non-vector malaria transmission, as well as
environmental transmission of typhoid. The model structure reflects realistic transmission routes in regions
where both diseases are co-endemic. The simulation results demonstrate that vector-borne malaria contributes
approximately 80–90% of total malaria infections, while environmental bacterial persistence sustains typhoid
transmission. Co-infected individuals account for 25–35% of total infections at peak transmission, underscoring
the substantial public health burden of co-infection and the need for coordinated control programs.
The results further show that more than 60% of infected individuals transition into treated or recovered classes
during the simulation period, indicating that timely access to treatment can substantially mitigate disease bur-
den. These findings highlight the importance of strengthening healthcare delivery systems, treatment availability,
and early case detection in reducing infection levels.
Sensitivity analysis revealed that the vector-to-human malaria transmission rate (λm1), typhoid transmission
rate (λt), and human-to-vector malaria transmission rate (λv) collectively account for over 70% of the variability
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Figure 15. Model validation using observed malaria cases and co-infection prevalence. The
blue curve represents the model-predicted seasonal malaria incidence incorporating a 12-month
periodic forcing in mosquito-to-human transmission. Red circles denote reported weekly malaria
cases from surveillance data. The model successfully captures the seasonal peak during the wet
months and the decline in the dry season. This supports the role of malaria transmission
seasonality as a major driver of co-infection burden.

in the basic reproduction numbers Rm and Rt. Increasing these parameters can produce up to a 200% increase
in co-infected cases. Therefore, effective disease control should target both malaria vector transmission (e.g.,
insecticide-treated nets, indoor residual spraying, and malaria vaccination) and typhoid transmission (e.g.,
improved sanitation, water treatment, and typhoid vaccination). Since both diseases share overlapping socio-
environmental risk factors, integrated intervention strategies are likely to be more effective and sustainable than
disease-specific efforts implemented in isolation.
The reproduction number for the co-infection model, Rmt = max{Rm, Rt}, indicates that suppressing only one
disease below its epidemic threshold is not sufficient to eliminate co-infection. This interdependence means that
typhoid can persist via co-infected individuals even when Rt < 1, if malaria remains endemic, and vice versa.
Hence, both Rm < 1 and Rt < 1 must be achieved simultaneously to achieve true disease elimination.
The bifurcation analysis reinforces this conclusion. When malaria transmission (λm1) is used as the bifurcation
parameter, the system can exhibit backward bifurcation, meaning malaria—and consequently co-infection—may
persist even when Rm < 1. In contrast, when typhoid transmission (λt) is varied, the bifurcation behavior is
inconclusive, suggesting that malaria plays the dominant role in shaping qualitative system dynamics near the co-
infection threshold. These findings imply that malaria control exerts greater influence over co-infection stability,
and elimination of co-infection requires malaria transmission to be reduced below the backward bifurcation
threshold, not merely below unity.
The seasonal co-infection patterns observed in this study align with epidemiological findings from Nigeria [11–
13], where increases in malaria incidence during rainy seasons precede rises in co-infection prevalence. This
supports the conclusion that malaria transmission intensity is a strong driver of co-infection burden.
Despite its strengths, the model assumes homogeneous mixing and does not incorporate age structure, spa-
tial heterogeneity, or socio-economic variation. Future extensions could include spatial dynamics, differential
exposure risk, and optimal control formulation to evaluate cost-effective intervention strategies.

5. Conclusion

This study proposed and analyzed a deterministic model for malaria and typhoid co-infection incorporat-
ing dual malaria transmission pathways (vector and non-vector), environmental transmission of typhoid, and



30 Q. O. AHMAN ET AL.

seasonal variation in mosquito-to-human malaria transmission. By explicitly linking both diseases through a
co-infected class and a dynamic bacterial reservoir, the model provides a unified framework for understanding
how transmission conditions, treatment, and seasonality jointly shape co-infection dynamics.
The results show that co-infections represent a substantial fraction of the overall disease burden, with co-infected
individuals making up approximately 25–35% of all infections at peak transmission. Vector-driven malaria
transmission was found to be the dominant contributor to malaria prevalence, while typhoid persistence is
sustained primarily through environmental exposure. Effective treatment increases the number of temporarily
immune individuals and reduces active infection, demonstrating the importance of timely access to healthcare.
Sensitivity and global influence analyses revealed that the vector-to-human malaria transmission rate and the
bacteria-to-human typhoid transmission rate exert the strongest effect on co-infection prevalence. This indicates
that integrated interventions—combining vector control (e.g., insecticide-treated nets, mosquito habitat reduc-
tion) and improvements in water, sanitation, and hygiene—are likely to be more effective than strategies that
address each disease independently.
The model further shows that backward bifurcation in the malaria component complicates elimination efforts,
since reducing the reproduction number below unity is not necessarily sufficient for disease eradication. Sea-
sonal forcing simulations and validation against observed malaria incidence patterns also demonstrate that
malaria peaks precede and intensify co-infection peaks, highlighting the role of malaria transmission intensity
in sustaining the co-infected population.
Overall, the results of this study underscore the need for coordinated malaria and typhoid control strategies in
co-endemic settings. The model provides a platform for future work involving data-driven calibration, optimal
control analysis, and evaluation of cost-effective intervention strategies aimed at reducing co-infection burden
in affected regions.
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and Typhoid Co-infection: Exploring Vector and Non-Vector Transmission Dynamics” [Data set]. Zenodo. https://doi.
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